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Abstract
In the past decade, Genome-Wide Association Studies (GWAS) have
delivered an increasingly broad view of the genetic basis of human phe-
notypic variation. One of the major developments from GWAS is poly-
genic scores, a genetic predictor of an individual’s genetic predisposition
towards a trait constructed from GWAS. The success of GWAS and poly-
genic scores seems to suggest that we will soon be able to settle debates
about whether phenotypic differences among groups are driven in part by
genetics. However, answering these questions is more complicated than it
seems at first glance and touches on many old issues about the interpre-
tation of human genetic variation. In this perspective piece I outline the
ways in which issues of causality, stratification, gene-by-environment in-
teractions, and divergence among groups all complicate the interpretation
of among-population polygenic score differences.
Debates about the contribution of genetics to differences among groups have
a long and contentious history. We have known for a long time that nearly all
traits are partially heritable, meaning that variation in the traits is due both
to genetic differences as well as environmental ones. The heritability of traits
within groups has led some observers—both scientists and non-scientists—to
conclude that between-group differences in average traits can also be explained
in part by genetics, approximately in proportion to their heritability. Yet if a
trait is highly heritable within a population, it does not follow that differences
between groups are due to geneticsinstead environmental and cultural differ-
ences could be the primary driver of between-population differences (Feldman
and Lewontin, 1975).
Recently, the field of genetics has made progress in identifying regions of
the genome (mostly single nucleotide polymorphisms, SNPs) that are associated
with differences among individuals within a population, using genome-wide asso-
ciation studies (GWAS). GWAS have found SNPs associated with a dizzying ar-
ray of traits. Concurrently, sophisticated methods have emerged to estimate the
combined phenotypic effect of many genetic loci citepvinkhuyzen2013estimation.
The success of GWAS seems to suggest that we will soon be able to settle
debates about whether average phenotypic differences among populations are
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driven in part by genetic differences. Answering this question is harder than it
seems at first glance, however. In this perspective, I will explain some of the
complications, including how stratification, gene-by-environment interactions,
and correlations among SNPs can make it difficult or in some cases effectively
impossible to use GWAS to understand differences among populations.
Some of these complications are perhaps best illustrated with a toy example.
Say we perform a GWAS of the amount of tea that individuals in the UK drink
(e.g. in the UK Biobank, Taylor et al., 2018; Cole et al., 2019). On the
basis of this tea-drinking GWAS, a person might argue that we could learn
about France-UK differences in tea consumption by counting up the average
number of alleles for tea preference that individuals in the UK and France carry.
If the British, overall, are more likely to have alleles that are associated with
increased tea consumption than the French, then he might claim that we have
demonstrated that the difference between French and UK peoples preference for
tea is in part genetic. Our protagonist would assure us that these alleles are
polymorphic in both countries and that both environment and culture plays an
important role. He would further reassure us that there will be an overlapping
distribution of numbers of tea-drinking alleles in both countries, so he’s not
saying that all British people drink more tea than all French people for genetic
reasons. He’ll tell us he’s simply interested in showing that the average difference
in tea consumption is partly due to genetic differences between groups.
At face value, this argument seems scientifically plausible; if there are alleles
for tea preference, then to determine whether the British peoples love of a good
cuppa tea is genetic, we could simply count these alleles up and compare them
to the average allele counts in France. Adding up these tea preference alleles for
individuals is one way of calculating an individual’s ”polygenic score”. Polygenic
scores can be thought of as an attempt at the prediction of peoples trait values
computed from genotype data. There are several ways of calculating polygenic
scores, and they have a range of potential uses. For example, people have done
GWAS for risk of coronary artery disease and constructed polygenic scores in
the hope of enabling early detection and preventive care (Khera et al., 2018).
Currently, these polygenic scores tend not to explain much of the variation in
a given trait, but the size of studies is increasing, and predictions based on
polygenic scores will likely become more accurate within populations (but see
Mostafavi et al., 2019).
Polygenic scores constructed using GWAS information from a single popu-
lation are expected to differ among populations. The allele frequency at every
locus will vary among populations because of genetic drift— the compound-
ing of chance variation in which alleles are transmitted from generation to
generation—leads allele frequencies among populations to diverge over time.
If natural selection acts on the loci differently in the two populations, it will
also cause allele frequencies to differ, but genetic drift is sufficient to cause al-
lele frequency differences and will occur regardless of whether there is selection
on the trait. Since a polygenic score is just a weighted sum of allele counts, it
will also vary among populations in ways that are reasonably well understood
in the case of genetic drift (Berg and Coop, 2014).
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Importantly, the existence of genetic differences among populations does not
imply that observed differences in phenotype among populations are the result
of genetics. It could be that French people tend to have higher polygenic scores
for tea-consumption than the British, but that this genetic predisposition is hid-
den or counteracted by cultural influences. For example, perhaps British people
on average find bitter (tannin) tastes slightly less palatable than French people,
but this influence is overridden by the culture of tea drinking in the UK. It is a
simple point that genetics and environment can act in opposite influences on a
phenotypic difference between populations, yet people often assume that differ-
ences in PGS should somewhat line up with observed phenotypic differences as
if that were not the case.
Beyond the fact that environment and culture can counteract or overwhelm
the influence of genetics, theres another, more subtle problem: polygenic scores
are not strong statements about differences in the contribution of genetics to
phenotypic variation among groups. The issue is that GWAS studies do not
point to specific alleles for tea preferences, only to alleles that are associated
with tea preference in the set of environments experienced by people enrolled
as participants in the GWAS in the UK Biobank. Similarly, as geneticists, we
often talk about height alleles and loci obtained from GWAS. But these are
not alleles for height, but simply alleles that are associated with differences in
height within a population that was studied in a GWAS. There’s no guarantee
that alleles mapped within populations will affect the trait in the same way in
other populations and environments, nor (even if they do) that they will explain
differences between populations.
Complex traits are just that—complex. Most traits are incredibly polygenic,
likely involving tens of thousands of loci. These loci will act via many pathways
(Boyle et al., 2017), mediated by interactions with many environmental and
cultural factors. Some of our tea-GWAS SNPs may well be enriched near ol-
factory receptors and genes expressed in relevant parts of brain, and some may
overlap with SNPs associated with caffeine sensitivity (Taylor et al., 2018).
But the majority may not—many may fall near genes with no simple connection
to tea drinking. For example, how thirsty you get may play into their beverage
choice, thus genetic variants in many physiological pathways may be weakly
associated with tea drinking. The rare cases where we can confidently make a
specific causal connection to a gene and through a causal pathway all the way
to phenotype may explain so little of the variance that, while they may provide
important clues to biology, they often wont allow us to state a general causal
mechanism that underlies our genetic predictions. This should not be taken
as an anti-GWAS position. We have learned a lot of new biology from GWAS
(Visscher et al., 2017), and doubtless will learn a lot more over the coming
years. But GWAS are not a complete solution to understanding the causes
of variation, especially variation among populations and across environments
(Rosenberg et al., 2018). Lets see some reasons why.
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Population stratification
One long-standing concern in GWAS is the potential confounding of environ-
mental and genetic variation due to population stratification. To co-opt a classic
illustrative example of the problem (Lander and Schork, 1994),consider per-
forming a GWAS of the phenotype ”drinks strong tea” in Paris. Any allele at
slightly higher frequency in English immigrants in Paris than in other Parisians
could be spuriously correlated with tea drinking. These stratification issues will
arise whether the cause of British preference for tea drinking is environmental
or partially genetic (Vilhja´lmsson and Nordborg, 2012). Such stratification
issues may replicate across seemingly independent datasets. There is no such
thing as a truly independent sample of humans–just samples with varying de-
grees of relatedness thus stratification issues may replicate even across seemingly
quite different samples.
Concerns about stratification drove human GWAS to be implemented pri-
marily in what were characterized as relatively genetically homogeneous popu-
lations, with the hope that genotypes would be reasonably randomized across
environmental and genetic backgrounds within that population. To mitigate
against any remaining confounding by stratification, a broad range of statistical
techniques were developed Price et al. (2010); Bulik-Sullivan et al. (2015).
These advances have likely greatly reduced some of the issues of stratification in
modern GWAS, notably for the strongest associations. However, even a small
amount of residual stratification can potentially cause serious problems for the
interpretation of polygenic scores, as this subtle bias is compounded across the
loci used to construct a polygenic score. This problem does not boil down to
false-positive genetic associations, because even true positives can have effect
size estimates that are subtly biased by stratification.
One vivid example is offered by recent issues with height polygenic scores.
Starting in 2012 (Turchin et al., 2012), a number of studies identified a seem-
ingly strong difference in polygenic scores for height between Northern and
Southern Europeans Berg and Coop (2014); Berg et al. (2017); Mathieson
et al. (2015); Robinson et al. (2015); Zoledziewska et al. (2015); Racimo
et al. (2018); Guo et al. (2018). To this end, they relied on scores that were
constructed from effect sizes estimated by the GIANT GWAS, a meta-analysis
of various European ancestries samples, and seemingly replicated their results
in various ways. However, when a number of studies tried to replicate the Eu-
ropean height results using GWAS effect sizes from the UK Biobank Bycroft
et al. (2018)—a large, independent sample—they found that the previously ob-
served patterns did not replicate (Berg et al., 2019; Sohail et al., 2019) and
upon further inspection, found problems with population stratification in the
original GIANT height GWAS and replication efforts. Many of the top hits
did replicate between the GIANT and UK Biobank studies, so arguably the
GIANT study fulfilled its main aim. However, GIANT was not a reliable basis
for building PGS, which compounds many subtly biased effect size estimates.
Other papers have begun to highlight potentially related issues Kerminen et al.
(2018); Haworth et al. (2019), demonstrating that stratification may be a se-
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rious confounding issue for polygenic scores at even smaller geographic scales.
For many traits, there may be no bright line between population stratifica-
tion and ‘real’ biological effects Lawson et al. (2019); Haworth et al. (2019);
Belsky et al. (2019). People in better health are more likely to move long
distances within the UK (Brimblecombe et al., 2000). If people tend to move
to areas with less tea drinking per capita, then alleles associated with overall
health wd then become alleles associated with decreased tea drinking. Adjusting
for genome-wide relatedness in the GWAS would likely not make this effect go
away—the induced correlations are beyond those expected due to stratification
due to genome-wide relatedness. Yet this too is a form of stratification, one
that may not replicate among groups.
Gene-by-environment interactions (G x E)
The effect of an allele on any given phenotype is always measured in the con-
text of a particular set of environments. This issue is not new: debates over
the meaning of heritability and the genetics in the context of environmental
variation stretch back to the dawn of quantitative genetics and debates between
Hogben and Fisher (Tabery, 2008). These issues are particularly difficult in
humans, as we cannot raise humans in laboratory environments or conduct ran-
domized environments. Our behavioural, cultural and societal practices will
influence the ways in which genetic variants impact phenotypic variation.
For example, there are cultural differences between the UK and France in
whether milk is taken with tea, in the types and quality of tea drunk, and in the
prominence of coffee. Do polymorphisms associated with bitter taste sensitivity
lead to different beverage outcomes in the two countries? What role do par-
ents, siblings, and peers play in shaping one’s choice of hot drinks, and how do
these interactions differ between countries? The genotypes of other people can
indirectly shape one’s phenotype by shaping one’s environment (Kong et al.,
2018). Presumably, all of these differences, and many others, could mean that
the genetic basis of variation in tea drinking will differ between France and the
UK. Therefore, the loci that influence tea drinking in the UK could be somewhat
different from those underlying differences in tea drinking in France.
Even if we perform tea-drinking GWAS in multiple countries, we may not
be able to circumvent the issues of GxE. Suppose after our GWAS for tea
drinking in the UK and France, we find found that the genetic basis of the
trait within both countries to be correlated. What would be a high enough
correlation to constitute evidence of a genetic difference in phenotypic pref-
erences between countries? Observing a high genetic correlations in GWAS
results amongst groups does not mean that polygenic predictions are necessar-
ily portable between groups (even within groups with very similar ancestries
Mostafavi et al., 2019). Moreover, even if the polygenic score explained a lot
of the variance within each country, it may not explain much of the difference
between the countries. As one example: suppose, hypothetically, that people
who care greatly about their weight are more likely to drink tea (e.g., as com-
pared with soft drinks); then alleles that are correlated with body mass index
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(BMI) in the UK Biobank will be alleles predicted to predispose one to tea
drinking. These loci may be reliably associated with BMI and tea drinking in
both the UK and France. Yet a difference in the frequency of loci associated
with BMI between the UK and France would not imply that differences in tea
drinking preferences among countries result from genetics. Suppose for example
that an individual’s preference for tea is not influenced by their absolute BMI,
but rather by their relative BMI within a country. In this scenario, a polygenic
score could be predictive of individual phenotypes within multiple countries but
have little predictive power in explaining differences among those countries.
Without a thorough understanding of the causal biological and cultural
mechanisms by which GWAS SNPs interact with the range of environments
encountered by individuals, it may be hard to rule out GxE as a serious con-
founder of inferences of polygenic scores across populations. These problems do
not just exist among populations. There’s systematic variation across the UK in
opinions about how milky tea should be, and whether milk should be added be-
fore or after the tea (a matter of intense debate Fisher, 1935; Orwell, 1946;
Salsburg, 2001). Tastes in tea and use of sugar vary across socio-economic
groups with UK (North, 2015). What phenotype, and which set of environ-
ments, are we learning about when we examine polygenic scores?
We dont have the functional genetic markers
A third major hurdle that we face in understanding polygenic scores is that we
do not know the loci that are functionally important for trait variation, only
loci that are statistical proxies for them—sometimes called tag SNPs—that will
be nearby in the genome. (Technically the SNPs used to construct polygenic
scores are in linkage disequilibrium with the functional loci—meaning that geno-
types at the tag SNP are correlated with genotypes at the functional locus—but
unlikely to be the functional loci themselves.) To understand this point, look
at the example below (Figure 1). On the left is a cartoon of people from the
UK. Both of the filled circle alleles appear to be associated with tea drinking.
( However, only one of them is the functional SNP predisposing people toward
tea drinking; the other SNP just happens to be associated because the mutation
there arose at a similar point in history on the same genetic background. If we
guess that the blue allele is the functional one, we would predict that French
people have a slightly weaker preference to tea on the basis of this allele. But if
we guess the red allele is the functional one, we would predict that the UK and
France have very similar tea drinking habits on the basis of this locus.
What’s happened here is that the correlation between the alleles at the
two loci have changed due to different histories of recombination and genetic
drift. Now, such a strong change in the correlation of loci is unlikely between
two countries, such as Britain and France, that share so much of their genetic
history. However, it is a serious problem when comparing populations that
have been more distant from each other for a longer period of time. The fact
that the correlation between any two SNPs changes over evolutionary time is
a major candidate explanation for why polygenic scores lose predictive ability
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UK France
https://publicdomainvectors.org/en/free-
clipart/Coffee-or-tea-sticker-vector-
drawing/22666.htmlFigure 1: Each person has two chromosomes (horizontal black lines) and in this
small stretch of the genome there are two loci (red and blue SNPs), the alleles
of which are indicated by the presence/absence of a filled circle. Whether an
individual drinks a lot of tea is indicated by the tea cup next to the individual
(public domain tea cup). Obviously, this sample size is too small, but it serves
for illustration.
as we move to populations that have been isolated for more of their history
from the population in which the GWAS was conducted (Carlson et al., 2013;
Marigorta and Navarro, 2013; Martin et al., 2019). For highly polygenic
traits, the associations we find may partially reflect collections of loosely linked
SNPs, whose relationship may be subject to change even between closely related
populations.
A second, more subtle force can decrease the predictive validity of poly-
genic scores. Assortative mating among individuals can drive rapid changes
in the SNPs associated with a trait. For example, if people who drink more
tea tend to have children with taller people, this pattern of assortative mating
can cause greater height and tea drinking to become associated (i.e., assorta-
tive mating can generate genetic correlations Gianola, 1982). In other words,
height-increasing alleles will be associated with tea drinking because the off-
spring of tea-drinking/tall couples will have alleles associated with both tea
drinking and height. Even after assortative mating has stopped, these effects
can persist for a few generations as they are slowly broken down by Mendelian
segregation and recombination, making them potentially hard to rule out. Such
associations need not hold in other populations, however, if they have not ex-
perienced similar patterns of assortative mating. Therefore, sets of loci that
contribute to trait variation via genetic correlations may change rapidly across
environments or populations due to changes in patterns of assortment.
We will not map all of the alleles influencing trait differ-
ences among populations
Other things equal, the statistical power of GWAS is higher for alleles that are
at intermediate frequency in the GWAS population than for alleles that are at
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low or high frequency. The functional variants contributing to a trait will differ
in frequency among populations due to genetic drift and selection. Therefore,
GWAS conducted in one population will miss many of the loci contributing to
phenotypic variation in other populations. This may not be much of a problem
for comparing the UK and French population, as allele frequencies are very
similar in the two countries. However, it is potentially a much bigger problem
in comparing more distant populations.
A case in point is the genetics of skin pigmentation. The variants that were
mapped within European populations, though important in Europe, explain lit-
tle of the variation in skin pigmentation worldwide. Even variants that explain
lighter European skin pigmentation do not explain lighter skin pigmentation in
East Asians (e.g. see Norton et al., 2006; Edwards et al., 2010; Adhikari
et al., 2019). Loci important for explaining skin-pigmentation variation world-
wide were missed by studies focused on non-African populations and only found
as variation within Africa began to be explored (Crawford et al., 2017; Mar-
tin et al., 2017). Furthermore, our understanding of the evolutionary history of
skin pigmentation in Europe is undergoing major revision in the light of ancient
DNA (Olalde et al., 2014). This history of major shifts in our understanding
of the genetics and evolutionary history of skin pigmentation suggests that bold
claims about other traits, based on incomplete evidence, may not stand the test
of time.
In the coming decade, we will likely uncover a surprising amount of hetero-
geneity in the alleles controlling trait variation worldwide. Based on genetic
drift alone, we should expect as much: the alleles that explain most variance in
populations of European ancestry and those which explain the most variance
in those of East Asian ancestry will not be the same, because allele frequencies
drift over time. Also as a result of allele frequency change at many loci, across
populations, epistatic relationships among loci may also change in unpredictable
ways, confounding cross-population predictions. These problems of different al-
leles contributing to traits in different populations will be compounded for traits
subject to natural selection (in addition to genetic drift). Whether traits are
subject to stabilizing selection or directional selection (shared or divergent), se-
lection will drive more rapid turnover in the loci contributing to trait variation
among populations (Durvasula and Lohmueller, 2019).
Again, one can hope to address these issues by performing GWAS in multiple
worldwide populations, but the reality is that we will have a European-biased
view of genetic variation for some time to come, simply because of the size of the
studies in these populations dwarfs those that can currently be done elsewhere.
Conclusion
Undoubtedly the coming decades of human genomics will see advances in the
identification of functional loci, the size of GWAS performed worldwide, and
in the statistical methodologies used to understand trait variation. The con-
ceptual issues and pitfalls discussed here are fascinating problems in their own
right. Working to understand the interplay of GxE along with direct and indirect
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effects of genetics promises to be a rich seam of work for many years to come. In-
terpreting differences in mean polygenic scores poses many challenges, but some
promises. Understanding cross-population differences in genetics may allow us
to better understand the contribution of genetics to differences in disease preva-
lence among populations (although many differences likely reflect healthcare
and environmental disparities Williams and Jackson, 2005; Williams and
Mohammed, 2009). While the ability to use GWAS to learn about whether
natural selection has driven differences in the genetic architecture of human
traits among populations promises to open up new intersections between an-
thropology, genetics, and archaeology; for example in understanding the role of
environmental change and genetics in shaping changes in height and body pro-
portions during the Neolithic (Cox et al., 2019). There is also no doubt that
we will come to understand much more about human variation. However, our
ability to perform GWAS to identify loci underlying variation in traits among
individuals vastly outstrips our ability to understand the causal mechanisms
underlying these differences. In many cases, genetic contributions may not be
separable from environmental and cultural differences. Certainly making a case
for the relative importance of genetics in explaining differences among popula-
tions will involve a lot more work than simply counting up the number of tea
preference alleles in populations and seeing how the averages differ.
Despite these complications, we are poised to see many partial, incomplete
(and in some cases initially downright incorrect) stories about the genetics of
population differences in traits. Already, we thought we knew something about
the evolution of polygenic height scores among European populations, only to
find that much of this result was driven by stratification– and thats for height,
an easily measured and well-studied trait. Applied to other and more fraught
traits, this patchy understanding of the contribution of genetics to phenotypic
differences will be fertile ground for misleading claims.
At the core of this issue is an even more fundamental disconnect between
talk of polygenic scores and what some people seem to think they might learn
from this kind of research. Even if we could attribute some proportion of the
phenotypic difference among populations to differences in polygenic score, such
a result wont address the question that many have in mind in asking whether
a difference is “genetic. Saying a phenotypic difference among individuals is
genetic is often taken to imply that it is immutable or unavoidable. Yet a
difference in genetic predispositions are neither immutable or natural, as many
people have highlighted (Penrose, 1955). Many phenotypes where genetics
plays a role are modifiable, and presumably many ”genetic” trait differences
among people are environmentally mediated. Without at least some working
knowledge of causal mechanisms underlying the action of the genetic variation
contributing to a trait, we may often not know how environment and culture
shape the actions of these variants, nor how changes in these factors may modify
any role played by genetics. Even if our tea polygenic scores were strongly
predictive within and among populations, cultural changes, e.g., a Europe-wide
health food craze for drinking tea with dinner, could presumably stand these
results on their head. Will taking tea with a meal moderate the role of caffeine-
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sensitivity SNPs; will exercise-conscious people now drink more tea? Will we
know enough about the interaction of culture and genetics to predict this? If
we do not, the statement that a difference in polygenic scores plays a role in
explaining a difference in phenotypes among populations will shed little light
on how we as individuals or societies should view that difference. But will
these critical subtleties be lost in the publics understanding of results based
on polygenic scores? Will such results be wrongly taken as supporting genetic
determinism about human variation?
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